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11 | Motivation and Background
1.1 Anthropogenic LULC Change
Ever since humans stopped to migrate and settled down to farm within seven or
eight regions throughout the world (Bellwood, 2007), they began to reorganise nat-
ural conditions and to create their individual structures, which constantly remained
for longer periods. The Neolithic Revolution has begun and has enabled an increas-
ingly larger population (Bocquet-Appel, 2011). With a growing world population,
alterations took place at an accelerated rate and many parts of the earth's sur-
face have been exposed to heavy Land use and land cover (LULC) change until
the present day: deforestation, agriculture, mining, urbanisation. All of these al-
terations determine a variety of factors, such as the radiation balance (Cui et al.,
2012), carbon cycle (Arneth et al., 2017), water balance, ecosystem functioning,
biodiversity (Falcucci et al., 2007) and links among these. A major part of LULC
changes took place in the tropics (Gibbs et al., 2010), which are meaningful for na-
ture conservation, as these often coincide with biodiversity hotspots (Myers et al.,
2000). LULC changes and the often accompanied decrease of natural habitats, as
well as global climate change are assumed to be the most threatening factors for bio-
diversity at present and in the future (Sala et al., 2000; Jetz et al., 2017). Species
currently at risk by changing climate are exposed to additional pressure caused by
LULC change. For this century, even more dramatic consequences evoked by envi-
ronmental change are expected (Sala et al., 2000). Understanding and monitoring
these complex interactions is the ﬁrst step to counteract ecosystem harming and to
deﬁne management strategies (Alexandridis et al., 2008).
1.2 Earth Observation as a Powerful Tool to Reveal
LULC Change
Satellite remote sensing (RS) and geographic information system (GIS) techniques
are powerful tools to map and monitor the extent and patterns of LULC changes
on large spatial scales. They are cost- and time-eﬃcient and with increasing access
to satellite imagery due to growing free data policy (Woodcock et al., 2008; Wulder
et al., 2012), they are also greatly appreciated by ecologists and nature conservation-
ists. This can also be seen in the rising number of publications related to RS topics
and their applications within this ﬁeld (Seto and Fragkias, 2007; Turner et al., 2015;
Pettorelli et al., 2017; Young et al., 2017). If suitable satellite imagery is available
for the desired time period, investigations can be undertaken retrospectively. This is
especially helpful in evaluating long-term changes, for which constant and long-term
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observational data are essential. Assessing and monitoring malfunctions of ecosys-
tems caused by human pressure is crucial to achieve attention and emphasise the
need for policy to act (Alexandridis et al., 2008).
1.3 Aquaculture as an Intensive LULC Change
One major LULC change of the last decades in coastal areas can be attributed
to the expansion of aquaculture. Aquaculture deﬁnes any sort of aquatic organisms
farmed and harvested in aquafarms which are almost exclusively destined for human
food consumption (FAO, 2016). In general, two types of aquaculture can be diﬀer-
entiated, which is inland aquaculture (freshwater, brackishwater or saline water)
and marine aquaculture (Cosslett and Cosslett, 2014). The majority of aquaculture
is farmed in inland aquaculture basins, accounting for 63% of global production
(FAO, 2016). Aquaculture farming requires the use of inputs of natural resources,
such as land, water and aquatic species, as well as non-natural resources, such as
feeds, antibiotics and artiﬁcial fertilisers (FAO, 2016). Aquaculture farming can be
operated on diﬀerent levels of professionalism, which comprise highly industrialised
aquafarms but also small-scale household subsistence farming. In some regions, it
is a common practice to carry on a mixed form of aquaculture and rice cultivation
(Ottinger et al., 2016). Various forms of ﬁsh, molluscs, crustaceans and plants can
be grown, which can be produced according to local conditions, as they tolerate
diﬀerent amounts of salinity (Cosslett and Cosslett, 2014).
Asia is the hotspot region of global aquaculture production, accounting for 88.9%
in 2014, followed by North and South America with 4.5%, Europe with 4.0%, Africa
with 2.3% and Oceania with 0.3% (FAO, 2016). Thirteen Asian nations are among
the top 25 producers of farmed aquatic species (Figure 1.1). The increase in aqua-
culture production for China and Vietnam has been enormous between 19952014
(Figure 1.2). Country-wise, China is by far the top producer which contributed
61.6% to the aquaculture production worldwide in 2014. The Vietnamese aqua-
culture production accounted for 5.77% of the global production and is ranked on
fourth place of top producing countries (FAO, 2016).
The enormous quantities of aquaculture goods produced in Asian aquafarms
require high amounts of land. Therefore, aquaculture is one of the major drivers
of LULC change within coastal regions, at the expense of ﬂoodplains and wetlands
(Alonso-Pérez et al., 2003; Ke et al., 2011; Pattanaik and Narendra Prasad, 2011),
also including the deforestation of mangrove forests (Valiela et al., 2001). Coastal
areas are hotspots of species richness and biodiversity (Diana, 2009) and, therefore,
focus regions for conservational eﬀorts. Despite the heavy pressure on valuable
natural land cover, the Vietnamese convention on preserving wetlands did not show
success on reducing the expansion of aquaculture but wetland retreat increased (Seto
and Fragkias, 2007). Similar ﬁndings of decreasing natural coastal land cover and,
simultaneously, expansion of aquaculture area have been stated in numerous case
studies (Béland et al., 2006; Berlanga-Robles et al., 2011; Pattanaik and Narendra
Prasad, 2011; Richards and Friess, 2016)
The Food and Agriculture Organization (FAO) provides information and statis-
tics on ﬁsheries and aquaculture in regular intervals to increase transparency and
to optimise the system of aquaculture to preserve food security and to contribute
to human well-being (FAO, 2016). However, data acquisition is arduous as the sub-
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mitted national statistics are not based on standardised methods. The reliability of
the provided data is questionable and improved monitoring is demanded (Pauly and
Zeller, 2016). Therefore, RS serves to provide additional and objective information
of aquaculture development and its provoked LULC changes.
Figure 1.1: Asian countries which are among the top 25 producers of aquaculture worldwide.
Data retrieved from: FAO (2016).
Figure 1.2: Aquaculture production in China and Vietnam. Data retrieved from: FAO (2016).
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52 | Analysing Spatio-temporal Pat-
terns of Coastal Aquaculture Based
on Three Decades of Satellite Data
Abstract
Asia is the major contributor to global aquaculture production in quantity, account-
ing for almost 90% of farmed species. These practices lead to extensive land use and
land cover changes in coastal areas, and thus harm valuable and sensitive coastal
ecosystems. RS and GIS technologies contribute to the mapping and monitoring
of changes in aquaculture providing essential information for coastal management
applications. This study aims to investigate aquaculture expansion and spatio-
temporal dynamics in four Asian river deltas over three decades: the Yellow River
Delta (YRD), the Pearl River Delta (PRD), the Red River Delta (RRD) and the
Mekong River Delta (MRD). Long-term patterns of aquaculture change are derived
based on combining existing aquaculture information for recent years with informa-
tion extracted from the Landsat long-term archive. Furthermore, the suitability of
the proposed approach to be applied on a global scale is tested based on exploiting
the Joint Research Centre (JRC) Global Surface Water (GSW) dataset. Enormous
increases in aquaculture area were detected for all investigated target deltas: an
18.6-fold increase for the YRD (19842016), a 4.1-fold increase for the PRD (1990
2016), a 1.6-fold increase for the RRD (19902016) and a 7.2-fold increase for the
MRD (19892015). Furthermore, hotspots of aquaculture expansion were detected
based on linear regression analyses for the Chinese target deltas, indicating that
hotspots are located in coastal regions for the YRD and along the Pearl River in
the PRD. A comparison with high resolution Google Earth Data demonstrates that
the proposed approach is able to detect spatio-temporal changes of aquaculture at
an overall accuracy of 71%. The presented approach has the potential to be applied
on larger spatial scales covering a time period of more than three decades. This is
crucial to deﬁne appropriate management strategies in order to reduce the environ-
mental impacts of aquaculture expansion which are expected to further increase.
Keywords: aquaculture; Landsat; earth observation; remote sensing; temporal
analysis; river delta; coastal region; Asia;
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2.1 Introduction
Aquaculture has experienced a remarkable global production increase in the last
decades which has more than tripled from 19952014 to approximately 74 million
tonnes (FAO, 2016). This trend is evoked by a variety of factors. Among oth-
ers, continuing growth of world population, globalisation and high market values
of traded aquaculture commodities can be named (Ottinger et al., 2016). In this
regard, aquaculture has been promoted as a big contributer to global food security,
as an alternative to capture ﬁsheries and entails an economic upswing for develop-
ing and threshold countries. However, concerns about the environmental impact of
aquaculture farming have been rising, especially on the evidence that aquaculture
will surpass ﬁshery production, which has already happened in the Asian region
(FAO, 2016). Therefore, aquaculture production and its implications for society
and the environment have become a hot topic in science and policy.
Aquaculture, as a high-value export good, opens up new market opportunities
for developing countries. Aquaculture is the sector of food production systems with
highest growth rates. For the Vietnamese economy, the MRD as a top producing
region for aquaculture plays an important role, thereby has a higher gross domestic
product growth than the rest of the country (Cosslett and Cosslett, 2014). Several
studies pointed out that aquaculture has the potential to reduce poverty across the
world (Irz et al., 2007; Kaliba et al., 2007; Pant et al., 2014). Due to population
growth, aquaculture as a controlled system of protein production is powerful in
contributing to food security and to cover future nutrition demands, which positively
inﬂuences human well-being (Herbeck et al., 2013). In addition, growing seaweed
proofed to remove nutrients to counteract eutrophication of water bodies (Xiao et al.,
2017).
However, the negative eﬀects of aquaculture production on the state of the envi-
ronment, especially the animal producing sector, is evident. The aquaculture indus-
try is heavily polluting the surrounding waters both freshwater bodies or streams and
sea water. Wastewater created during aquaculture production is often discharged
unﬁltered, causing accumulation of pharmaceuticals (He et al., 2016) and heavy
metals (Liang et al., 2016), accelerating eutrophication (Herbeck et al., 2013) and
enhancing harmful algal blooms (Wang et al., 2008; Keesing et al., 2011; Lee et al.,
2011). To make room for aquaculture ponds in coastal areas, mangrove forests get
logged, which contribute to coastal protection, are key nursery habitats and were
found to positively impact ﬁltration, e.g. of heavy metals (Nguyen et al., 2015;
Nguyen van et al., 2016). Heavy metals originating in industry can already be de-
tected in aquaculture products (Cheng et al., 2013) and the amounts even exceed
Chinese safety guidelines (Liang et al., 2016). Besides pollution and deforestation
of mangroves, the water consumption of aquaculture production leads to exces-
sive extraction of ground water which increases salinity (Ha et al., 2018). Through
groundwater pumping in the YRD, subsidence rates are higher than local and global
sea level rise, which exposes Asian megadeltas to various dangers like storm surges,
salinate groundwater, intensiﬁed ﬂooding and shoreline retreat (Higgins et al., 2013).
In addition, the positive eﬀect of aquaculture on sustaining ﬁsh stocks (Stotz, 2000)
has to be doubted, as most of the aquafeeds are made from ﬁshmeal and ﬁsh oil
(Hardy, 2010), which is produced from wild catch and consequently puts additional
pressure on ﬁsh stock (Naylor et al., 2000; Pauly and Zeller, 2017).
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Despite the fact, that aquaculture production is detrimental to the environment,
it will further expand (Pauly and Zeller, 2017). In this context, it is fundamen-
tal to assess the dimensions of aquaculture and provide solid data for management
applications. The FAO provides the only global database on ﬁsheries and aqua-
culture which is commonly used in science and policy (Garibaldi, 2012). However,
the reliability of this database has been called into question, assuming that num-
bers are underestimating reality (Pauly and Zeller, 2016, 2017). RS technologies
can serve as an useful tool to determine aquaculture extent and its dynamics and
results may operate as an additional and independent source of data. Additionally,
spatio-temporal patterns of aquaculture become discernible which is crucial for the
management of its expansion and its resources, to guarantee for the maintenance of
its positive implications and to lower its negative eﬀects.
Diﬀerent approaches exist to observe and quantify aquaculture based on RS and
GIS techniques using Landsat imagery. To assess bitemporal changes in shrimp
aquaculture, supervised classiﬁcation approaches have been applied (Alonso-Pérez
et al., 2003) and change detection methods were undertaken to reveal the inﬂu-
ence of aquaculture on coastal ecosystems (Béland et al., 2006; Rajitha et al., 2010;
Berlanga-Robles et al., 2011; Bui et al., 2014; Peneva-Reed, 2014). However, the
majority of these studies investigate small-scale regions, e.g. single bays or lagoons
(Alonso-Pérez et al., 2003; Bui et al., 2014), a few villages (Peneva-Reed, 2014) or
parts along the coastline (Béland et al., 2006; Berlanga-Robles et al., 2011) and
rather focus on the quantiﬁcation of aquaculture area. To identify trends of aqua-
culture, time series assessments on large scales are needed. Therefore, Landsat data
provides the ideal basis to ﬁrstly, carry out an assessment on large spatial to global
scales and, secondly, to detect spatio-temporal patterns of aquaculture expansion
on multitemporal scales. However, the spatial resolution of Landsat imagery is not
suﬃcient to accurately map aquaculture on single pond level, which is crucial to
assess spatio-temporal dynamics within the deltas. Thus, high resolution data is
necessary to accurately map aquaculture ponds and quantify their size and shape,
especially to distinguish between single aquaculture ponds (Ottinger et al., 2017).
Therefore, to cover the spatial requirements for this analysis, aquaculture pond
layers based on Sentinel-1 imagery serve as the basis of this study, which are kindly
provided by Ottinger et al. (2017). To cover the temporal components of this assess-
ment, Landsat Surface Reﬂectance (SR) data are used, thereby exploiting the large
potential of the open Landsat archive with multispectral satellite data spanning time
periods of more than 30 years. With the focus on Asian coastal aquafarms, the goal
of this study is to estimate increases in aquaculture area and to reveal the dynam-
ics and possible hotspots of aquaculture expansion in coastal areas of four target
deltas in China and Vietnam. It is assumed that aquaculture area has increased
over the observed time period for all four study sites. In addition, it is hypothe-
sised that hotspots of aquaculture can mainly be detected close to water sources,
such as coastal areas and along the river course. Furthermore, the results of this
study serve to demonstrate potentials and limitations of aquaculture quantiﬁcation
through long-term Landsat imagery and to highlight diﬀerences in the assessment
among the case study regions. The results are compared with assessments based on
GSW data which potentially serves to apply the approach on larger scales.
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2.2 Study Area
The study area comprises four river deltas: the YRD and the PRD in China and
the RRD and the MRD in Vietnam (Figure 2.1).
The YRD is the smallest out of the four investigated deltas and shows the small-
est population (Table 2.1). The delta is located at the Chinese east coast in the
province Shandong. The Yellow River has a comparatively low water ﬂow but trans-
ports the highest sediment loads worldwide which originate in the country's Loess
Plateau and supply the ﬂoodplains with valuable nutrients (Ren, 2015). It has also
great power of erosion, is shifting its course and delta mouth continuously and has
been responsible for numerous dike breaches and ﬂoods (Higgins et al., 2013; Ren,
2015). The delta region suﬀers from rapid economic growth and urban expansion,
both accompanied with heavy pollution, as can be seen for many parts of Chinese
coastlines (Li et al., 2009; Ottinger et al., 2013; Wohlfart et al., 2016; Li et al., 2017).
In addition, groundwater extraction reaches alarming proportions, mainly caused by
aquaculture, and the salt content exceeds that of seawater in some parts of the delta
(Higgins et al., 2013).
Among the study regions, the PRD is the biggest and most populated delta (Ta-
ble 2.1) and lies within the center of the Guangdong province. The delta includes
mega-cities with a population of more than 10 million like Guangzhou and Shenzhen
as well as other multi-million cities. The whole delta is undergoing enormous urbani-
sation processes and single cities tend to become one large interwoven urban complex
(Zhao et al., 2017). Before the economic boom took place, the delta played an es-
sential role for Chinese agriculture, but big parts of the land have been transformed
to building land (Li and Yeh, 2004). Nonetheless, the majority of population is
still living in non-urban parts and agriculture is a popular practice within the PRD.
Heavy metal pollution originating from industry and aquaculture is a big concern
within this area which is also evident within farmed aquatic species destined for
food consumption (Liang et al., 2016). The use of pharmaceuticals in aquaculture
is further accelerating pollution processes (He et al., 2016). Many coastal areas in
China have to deal with heavy pollution, but the PRD exceeds the usual parameters
(Liang et al., 2016).
The RRD and the MRD belong to the top producing regions of agricultural
commodities in Vietnam. In 1986 the doi moi (renovation) reformers were initiated
by the government to increase productivity and attraction for foreign investors (Seto
and Fragkias, 2007). This radical change has led to major LULC changes within the
whole country, promoting intensiﬁed agriculture with high yields of valuable goods
(Seto and Fragkias, 2007). Within the RRD in northern Vietnam, the capital Hanoi
is located at the course of the Red River (Figure 2.1). The delta is densely populated
and has a total population of approximately 20.2 million (Table 2.1). The region's
climate is determined by a rainy season between May and October, followed by a dry
season from November to April (Nguyen et al., 2015). The increase in aquaculture
farming can be seen in numbers on aquaculture production from approximately
55,600 tonnes in 1995 to 580,915 tonnes in 2015, which is a ten fold increase within
10 years (General Statistic Oﬃce of Vietnam, 2015).
The MRD is the most southern part of Vietnam and borders on Cambodia in
the northwest (Figure 2.1). The climate is tropical monsoonal with a dry season
from December to May, but humidity remains high throughout the year (Cosslett
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and Cosslett, 2014). As a consequence of permanent water supply through the
Mekong and the tidal inﬂuence from the South China Sea (Cosslett and Cosslett,
2014), the delta is of great importance for the agricultural sector. The region is
accompanied with high production of paddy rice and aquaculture and, therefore,
essential for Vietnam's economy. About 2.6 million ha are used for agriculture, for
which rice production itself accounts for 2 million ha (Ha et al., 2018) and requires
65% of the available freshwater (Cosslett and Cosslett, 2014). Aquaculture has
rapidly developed to a top export commodity and is pushing away from subsistence
farming towards a more proﬁt-oriented agriculture operated by companies (Cosslett
and Cosslett, 2014). Another reason for the rise in aquaculture production is the
increasing salinity in the southern coastal areas. Farmers are shifting from rice cul-
tivation to saline, brack-water shrimp farming (Cosslett and Cosslett, 2014). Along
the delta's coastline, mangrove forests are getting re-established after being exces-
sively logged during the 1980s and 1990s, mainly due to aquaculture and shrimp
farming (Cosslett and Cosslett, 2014).
Figure 2.1: Map of the four investigated deltas.
Table 2.1: Characteristics of the investigated deltas (adapted from Ottinger et al. 2017).
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2.3 Materials and Methods
2.3.1 Data
2.3.1.1 Landsat Surface Reﬂectance Data
In this study, multispectral Level-2 Landsat SR data are used. The Landsat program
builds an ideal basis to answer the above stated research questions, as it provides a
continuous time series of satellite data, starting in 1972 with Landsat 1 and contin-
uing until now with its latest satellite Landsat 8 and with imagery free of charge.
Although Landsat 1, 2 and 3 were operating from 1972 onwards, only data from
Landsat 4 (19821993) and Landsat 5 Thematic Mapper (TM) (19822012), Land-
sat 7 Enhanced Thematic Mapper Plus (ETM+)(19992017) and Landsat 8 Opera-
tional Land Imager (OLI)(20132017) are taken into consideration, as they provide
an identical spatial resolution of 30m. Downsampling methods are not applied,
as they are rather work intensive and need accurate geo-referencing (Almonacid-
Caballer et al., 2017). In addition, the envisioned data is covering a potential time
period from 1982 until now and most of the remarkable alterations in aquaculture
farming have been taken place in recent decades (FAO, 2016).
The Level-2 SR data guarantee for atmospheric correction following the principles
of the Landsat Ecosystem Disturbance Adaptive Processing System (LEDAPS) for
Landsat 5 and 7 imagery (Masek et al., 2006) and the Landsat Surface Reﬂectance
Code (LaSRC) for Landsat 8 imagery (U.S. Geological Survey). In addition, the
SR data contain the so-called CFmask band. The band provides values 04 for
ﬁve classes, where 0=clear, 1=water, 2=shadow, 3=snow and 4=cloud. Therefore,
it can be used for masking disturbing pixels containing clouds or cloud shadows
within Earth Observation (EO) data and was found to perform best among other
cloud masking algorithms (Foga et al., 2017). It is based on the Function of mask
(Fmask) algorithm, initially created in MATLAB (Zhu and Woodcock, 2012) and
was later transferred to the C language to enhance it's eﬃciency (Foga et al., 2017).
The Landsat SR data are originally provided by the U.S. Geological Survey (USGS)
but are assessed and processed through the Google Earth Engine (GEE) platform.
The GEE is a cloud-based platform, providing a multi-petabyte ready to use data
catalogue and the respective computational resources for quick and eﬀective online
processing (Gorelick et al., 2017).
In total 5,213 Landsat SR scenes were processed in this study, of which 76%
originate from Landsat 5, followed by 7% and 17% originating from Landsat 7
and Landsat 8, respectively. For the YRD a total of 1,908 scenes are used which
are suﬃcient to generate cloud free image composites for every year between 1984
and 2016 (Figure 2.2). For the PRD a total of 2,124 scenes are used with no
information for the years 2010, 2012, and 2015 due to insuﬃcient data coverage.
For the RRD, heavy cloud cover results in major data gaps throughout the entire
observation period, which reduces annual data coverage below the feasible limit
for assessing yearly aquaculture dynamics. Therefore, multi-annual composites are
produced for the time periods 19901994, 19951999, 20002004, 20052009 and
20132016. The period 20102012 is excluded due to insuﬃcient data coverage and
high cloud cover. For the MRD, Landsat SR data are only available for a limited
number of years making it impossible to use the Landsat SR data in the proposed
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approach. Therefore the JRC GSW data set (Section 2.3.1.3) was used instead to
analyse the aquaculture dynamics for this study region.
Figure 2.2: Used Landsat SR data for creating the annual water masks for the YRD, the PRD
and the RRD. The bar colours indicate the used Landsat SR data. For the MRD, Landsat SR
data were insuﬃcient and, hence, the JRC GSW data set was used instead for this study region.
2.3.1.2 Sentinel-1 Aquaculture Layer
Although the Landsat program provides data for a long time period, Landsat's
spatial resolution of 30m is a limiting factor for detecting small scale features such
as aquaculture ponds (Ottinger et al., 2017; Phiri and Morgenroth, 2017). Especially
aquaculture farming on household scale is characterised by rather small water ponds
(Ottinger et al., 2017) below 900m2 corresponding to the Instantaneous Field of
View (IFOV) of the Landsat sensors. Furthermore, due to the narrow dams between
individual aquaculture ponds, water areas are often recognised, but will not show
accurate detection of single aquaculture ponds and would probably fail to guarantee
for assessing the diverse structures of aquaculture. Therefore, this study combines
the advantage of high spatial resolution Sentinel-1 data for precise aquaculture pond
mapping with the temporal component of Landsat imagery for analysing historical
patterns and dynamics of aquaculture.
Therefore, for each delta an aquaculture mask, derived from Sentinel-1 time series
data, is used in this thesis to reﬂect the actual aquaculture structures at pond level.
These layers in vector format (Figure 2.4) were kindly provided by Ottinger et al.
(2017) and are termed as Sentinel-1 Layers in further explanations. The authors used
10m resolution Sentinel-1A Synthetic Aperture Radar (SAR) data acquired between
September 2014 and September 2016 in an object-based classiﬁcation approach to
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extract aquaculture ponds, resulting in an overall accuracy of 0.83 for all four river
deltas. The deﬁnition of aquaculture is based on several criteria like the geometry
of aquaculture ponds (area and perimeter), two compactness metrics, the slope of
location and the exclusion of standing water areas. For detailed information on the
approach and results consult the study of Ottinger et al. (2017).
Table 2.2 shows some general characteristics of the aquaculture ponds derived
from the Sentinel-1 Layers for the four target regions. It can be seen that the
mean aquaculture pond size is by far biggest for the YRD (43,450.2m2), followed
by the MRD (8873.6m2), RRD (4885.1m2) and PRD (3966.5m2). Considering the
distribution of aquaculture pond size among the deltas, nearly all ponds in the YRD
are larger than 900m2 with 1.2% and, therefore, the chance of being detected on
the basis of 30m Landsat imagery is high. In the remaining deltas, small ponds
below 900m2 make up large proportions up to more than one third of all ponds
and, therefore, an approach based on Landsat data alone can be expected to have
less precise results.
Table 2.2: Characteristics of the aquaculture ponds retrieved from the Sentinel-1 Aquaculture
Layers.
2.3.1.3 The Global Surface Water Data
A global raster data set on inland water surfaces, the so called GSW data set is
used in this study as an alternative to custom tailored water masks derived from
the Landsat SR data archive. This has two reasons: ﬁrst, the GSW data set is used
as the main data source for the analysis in the MRD for which Landsat SR data
are not available. Second, the GSW data set is used in a comparative analysis in
the remaining three deltas to asses its use as an readily available substitute data
source for a potential global scale application. In addition, the GSW data set is
used to asses natural water bodies for the ﬁrst year of observation that have been
turned to aquaculture ponds in subsequent years, in the course of the accuracy
assessment (Section 2.3.4). The GSW dataset by Pekel et al. (2016) consists of a
variety of products containing data on global water dynamics and extents. It can be
assessed through the GSW Explorer initiated by the European Commission's JRC
(European Commission, 2016). For this study, the yearly history dataset is used,
which is available via the GEE platform. The data contain four classes: 0=no data,
1=not water, 2=seasonal water and 3=permanent water. It is based on Landsat
Top of Atmosphere (ToA) data and is available until the year 2015.
Annual data were consistently available from 19842015 for the YRD. However,
data coverage was not suﬃcient for the other deltas and several years had to be
excluded for further analysis. The analysis was undertaken from 19882015 for the
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PRD, but data was missing for 1989, 19921995 and 1997-1999. The aquaculture
of the RRD was again observed for 5-year intervals from 19902009 and a 3-year
interval for 20132015. For the MRD, for which only insuﬃcient Landsat SR data
are available, patterns are analysed for 19892015 with missing data for the years
1987, 1988 and 19901998.
2.3.2 Assessment of Aquaculture Dynamics
Spatio-temporal aquaculture dynamics are assessed by combining current aquacul-
ture structures at pond level derived from Sentinel-1 data with annual water masks
derived from historic Landsat data. Thereby this methodological approach is based
on the simpliﬁed assumption that 1) due to the continuous and rapid development
of aquaculture worldwide, current pond structures resemble the maximum status of
aquaculture expansion compared to previous years and 2) that identiﬁed ponds for
the reference year 2016 are also highly likely to be ponds in a previous year when
permanently ﬁlled with water during this speciﬁc year.
The annual water masks for each delta region are generated according to the
following six steps (Figure 2.3): ﬁrstly, for every target year all available Landsat
images are selected and cloud and cloud shadow masking is performed based on
the CFmask band. Secondly, the Normalised Diﬀerence Water Index (NDWI) is
calculated for every Landsat image to better identify surface waters within the deltas.
The NDWI formula after McFeeters (1996) using the GREEN and NIR band is
applied, as it is the most common in detecting open water bodies in the ﬁeld of
applications in EO. The index is deﬁned as
NDWI =
GREEN −NIR
GREEN +NIR
. (2.1)
The third step focuses on the exploitation of the temporal characteristics of aqua-
culture ponds. Aquaculture ponds can be generally described as permanent water
bodies, in contrast to e.g. temporarily inundated rice paddy ﬁelds, which are the
main source of confusion in this approach. Therefore temporal metrics, i.e. the 10th
and the 90th percentiles are calculated based on all cloud free NDWI observations
for each pixel. The diﬀerence of the the lowest (10th percentile) and highest (90th
percentile) NDWI values within the year, serves as a good indicator for the per-
sistence of inundation supporting the accurate diﬀerentiation between aquaculture
and rice paddy ﬁelds. Fourth, a threshold was set to separate pixels attributed to
land or water, which results in a binary permanent water-land mask for each delta.
The threshold for every river delta was deﬁned empirically by trial and error and
was validated by interpreting high resolution Google Earth imagery.
In the ﬁfth step, the binary land-water mask derived from Landsat was combined
with the Sentinel-1 Aquaculture layer and the proportion of water area within each
pond was computed. In the last step only those ponds were selected as correctly
identiﬁed aquaculture ponds that showed a certain minimum percentage of water
coverage. Thereby diﬀerent thresholds were empirically tested and ﬁnally set to
33%. The rather low percentage can be explained by the diﬀerent data sources
(SAR versus multispectral) and spatial resolutions (30m versus 10m) as can be
seen in Figure 2.4. It is evident that detected water surfaces and pond structures
show generally corresponding patterns, however, do not match perfectly to each
other.
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Figure 2.3: Workﬂow diagram on creating the Reference Aquaculture Layer and assessing aqua-
culture dynamics.
Figure 2.4: The challenges on combining the Sentinel-1 Aquaculture Layer with Landsat satellite
data evoked by diﬀerent spatial resolution. One exemplary detail map for each investigated delta is
shown (from left to right: YRD, PRD and RRD). The diﬀerent spatial resolution of the input data
requires an appropriate approach to combine both datasets, as water detection based on Landsat
data is very diﬀerent from the aquaculture structure retrieved from the Sentinel-1 Aquaculture
Layer.
For the YRD and PRD this approach is followed for every year where Landsat data
are available while for the RRD multiannual time steps are applied, as described in
Section 2.3.1.1. For the MRD no adequate Landsat data were available. For the
YRD, PRD, and RRD, the latest aquaculture layer incorporates all Landsat data
between September 2014 and September 2016. This so called Reference Aquaculture
Layer corresponds to the observation period of the Sentinel-1 Aquaculture layer and
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serves as baseline for all previous years. Furthermore, for all four deltas additional
aquaculture layers were generated on the basis of the GSW data set for all years
for which respective GSW data were available. This was done by replacing step 14
with the annual water masks from the JRC GSW dataset.
2.3.3 Temporal Patterns and Hotspots
To retrieve hotspots of aquaculture expansion and to detect their temporal patterns
within the target deltas, a linear regression analysis was carried out. For this pur-
pose, the deltas assessed with Landsat SR data (YRD, PRD and RRD) were divided
into a hexagon landscape. The hexagon diameters are chosen to be the same for each
delta with 4000m at their greatest spacing, to easily enable comparisons among the
deltas. The aquaculture polygons are converted into point data and are distinctly
assigned to the hexagon which they fall into. The point data includes information
on the aquaculture pond area and the area is summed up for each hexagon and
each year. To reveal aquaculture patterns and development over time, a linear re-
gression analysis was conducted, thereby, time is the explanatory variable and the
aquaculture area is the response variable. The regression analysis was undertaken
for each hexagon of the delta landscape, which resulted in a total of 4,349 individual
regression analyses (494 for the YRD, 2,852 for the PRD and 1,003 for the RRD).
2.3.4 Accuracy Assessment
The aim of the accuracy assessment in this study is to evaluate whether aquaculture
dynamics are correctly detected through the proposed approach. The PRD serves
exemplary for validating the approach on assessing the temporal dynamics within
the delta regions since this delta showed the best coverage of high resolution satel-
lite data for diﬀerent time points throughout the observation period. Reference data
were collected using high resolution imagery available via Google Earth, which is
a frequently used source for ground truth reference data in RS studies (Khorram
et al., 2012). In order to include as many time points as possible in the assessment
all high resolution data available for the PRD were evaluated within the observation
period covering the years 2004, 2005, 2006, 2008, 2011, 2014, and 2016. To com-
pare the agreement of prediction data and reference data, two classes were created:
1) aquaculture ponds in the Reference Aquaculture Layer that were also detected as
aquaculture in the year of evaluation (class: stable aquaculture) and 2) aquaculture
ponds in the Reference Aquaculture Layer that have not been detected as aquacul-
ture in the year of evaluation (class: aquaculture change). In total, 200 aquaculture
ponds were chosen by stratiﬁed random sampling for each of the two classes and
evenly over all years of evaluation.
The results on the accuracy assessment are shown in a confusion matrix and
the standard measures of accuracy, i.e. the producer's, the user's and the overall
accuracy as well as Cohen's Kappa (Cohen, 1960) were calculated. The value of the
Kappa index is associated with diﬀerent levels of agreement: <0 = no agreement,
00.20 = slight agreement, 0.210.40 = fair agreement, 0.410.60 = moderate agree-
ment, 0.610.80 = substantial agreement, and 0.811 = almost perfect agreement
(Landis and Koch, 1977).
With respect to the assumptions stated in Section 2.3.2 permanent natural water
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bodies that are converted to aquaculture in later years are one source of error leading
to overestimations of aquaculture. These water areas are generally identiﬁed as
aquaculture throughout the entire observation period regardless of their actual time
point of conversion. Therefore, based on the GSW data, annual water masks of the
starting year of investigation for each delta assessed with Landsat SR data (YRD,
PRD and RRD) are retrieved. Artiﬁcial water surfaces like aquaculture ponds are
removed manually by visual interpretation with the help of high resolution Google
Earth imagery. This results in a layer with natural water bodies for each delta and
year, in which the observation period started: 1984 for the YRD, 1990 for the PRD
and 19901994 for the RRD. For the latter, the yearly GSW data from 19901994
were mosaicked before creating the water mask. On the basis of these layers, for
each delta those natural water bodies are identiﬁed that have been converted to
aquaculture in later years during the observation period. The proportion of these
erroneously identiﬁed ponds (false positives) in relation to all ponds can be used as
indicator for the degree of uncertainty related to this error.
2.4 Results
2.4.1 Reference Aquaculture Layer
A comparison of detected ponds and pond area for the Sentinel-1 Aquaculture Layer
and the Reference Aquaculture Layer for all three deltas is shown in Table 2.3. In
the YRD, around 80% of ponds in the Sentinel-1 Aquaculture Layer were suﬃ-
ciently covered with water as observed from the Landsat water mask and, therefore,
were also deﬁned as aquaculture in the Reference Aquaculture Layer. This high
proportion of detected ponds for the YRD is followed by around 63% for the PRD
and roughly 50% for the RRD. When considering the detected aquaculture area,
numbers increase to 95% for the YRD, 81% for the PRD and 79% for the RRD.
Table 2.3: Comparison of Sentinel-1 Aquaculture Layer (top) with created Reference Aquaculture
Layer (bottom) for the three target deltas assessed with Landsat SR data and time period from
September 2014 to September 2016.
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2.4.2 Mapping of the Aquaculture Dynamics
The dynamics of aquaculture for all four deltas were visualised with a colour-palette
from blue (early in time) to dark red (late in time) with a corresponding grading in
colour for each year, as can be seen in Figure 2.52.8. Each aquaculture pond was
highlighted in the colour of the year of its ﬁrst appearance. Therefore, the colours
give no evidence about the duration of their existence or their persistence. The
detailed map extents are not chosen systematically and serve for illustration purposes
only. The maps provide an impression on general aquaculture characteristics, like
pond size (small or big), pond shape (square, round or elongated) or pond location
(at the coast, at the course of rivers or other surface waters). Furthermore, the
maps reveal spatial and temporal patterns, like the moving from coastal to inner
delta regions, the development of ponds around surface waters. Larger versions of
the maps can be found in the appendix (Figure A.14, A.15, A.16 and A.17).
Figure 2.5, depicts the spatial-temporal aquaculture dynamics for the YRD for
the time period 19842016. The size of the aquaculture ponds is comparatively big,
as can also be observed in Table 2.2. The ponds are predominantly elongated but
also squared. Within the whole delta, aquaculture aggregates rather at the coastal
regions, in particular at the north and south coast. Some minor misclassiﬁcation
can be found for a small amount of ponds e.g. within the course of the river.
The aquaculture within the PRD is characterised by the smallest mean pond
size among the investigated deltas, as can also be observed from Table 2.2 and the
map for the PRD in Figure 2.6. The map shows the dynamics of aquaculture for the
time period from 19902016, but due to insuﬃcient data coverage the years 2010,
2012 and 2015 could not be included in the analysis. The shape of the ponds is
elongated or square-shaped. The majority of aquaculture ponds concentrate along
the branches of the river or along the coast. The detailed extent within the map
shows aquaculture at one of the river mouths within the delta. This spatial detail
shows very clearly how aquaculture development gradually expanded from the coast
towards inland within the course of the observation period.
For the RRD, only ﬁve year (19901994, 19951999, 20002004, 20052009) and
four year (20132016) intervals could be observed as a consequence of low data
quality and quantity. Figure 2.7 shows a focus region of the delta. Most of the
aquaculture within the delta is located at the coastline and at inner parts of the
delta, fewer can be found close to the Red River. The mean aquaculture pond size
is 4885m2 (Table 2.2) and, thus, comparable to the pond sizes within the PRD.
The aquaculture ponds are rather in square shape than elongated. Just as in Fig-
ure 2.6, the detailed map extent of Figure 2.7 impressively shows how aquaculture
development in the RRD expands from the coast towards inland.
The dynamics of aquaculture for the MRD are assessed on the basis of the GSW
data set (Figure 2.8), as Landsat SR data were not available for this delta region.
The ﬁrst year of observation is 1989. Many of the aquaculture ponds already exist
at that time, followed by a high amount of aquaculture ponds ﬁrst appearing in
the early 2000s. Furthermore, it can be seen that aquaculture ponds developed
aggregated from 2010 onwards.
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Figure 2.5: Aquaculture dynamics for the YRD from 19842016.
Figure 2.6: Aquaculture dynamics for the PRD from 19902016.
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Figure 2.7: Aquaculture dynamics for the RRD from 19902016.
Figure 2.8: Aquaculture dynamics for the MRD from 19892015 based on the GSW dataset.
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2.4.3 Quantiﬁcation of Aquaculture Area
A comparison of the increase in aquaculture area obtained by Landsat SR and GSW
data is shown in Table 2.4). The cumulative aquaculture area for the four delta
regions can be seen in Figure 2.9. The bar graphs indicate the observed aquaculture
area in km2 within each delta for the years of investigation on the x-axis for the
YRD (Landsat SR data: 19842016; GSW data: 19842015), the PRD (Landsat SR
data: 19902016; GSW data: 19882015), the RRD (Landsat SR data: 19902016;
GSW data: 19902015) and the MRD (19882015; analysed with GSW data only).
Figure 2.10 shows separately the accompanied results from regression analyses with
regression lines for each delta including the 95% conﬁdence region.
Based on Landsat SR data, diﬀerent local peaks for the YRD can be seen for 1990
with 227 km2, for 1998 with 278 km2 and for 2002 with 434 km2 (Figure 2.9). The
maximum aquaculture area in this delta region occurred in year 2015 with 779 km2.
The minimum was observed for the year 1984 with a total aquaculture area of 42 km2,
which is also the beginning of the observation period. The Aquaculture area from
1984 to 2015, based on GSW data, shows also an increase although the overall
increase is relatively low with 722%, compared to the increase of 1856% based on
Landsat SR data (Table 2.4). At the beginning of the observation in 1984, the
aquaculture area is calculated with 105 km2 for the GSW data, which is a diﬀerence
of approximately 63 km2 compared to the assessment with Landsat data. In 2015
the aquaculture area is 807 km2 for the GSW data, which corresponds to a diﬀerence
of 27 km2. However, a clear upward trend can be seen for both. The results from the
regression analysis reveal that the annual increase in aquaculture area is identical
for the YRD and amounts to 22 km2 (Landsat SR data: adj. R2 = 0.95, p-value
= <2.2× 10−16; GSW data set: adj. R2 = 0.91, p-value = <2.2× 10−16) (Figure
2.10).
Local peaks for the PRD can be detected for the assessment with Landsat data
in 1993 with 364 km2 and in 2008 with 664 km2, whereas the maximum aquaculture
area was observed in the year 2016 with 838 km2, which marks the ﬁnal year of
the observation period. The overall minimum of aquaculture area for the PRD from
19902016 can be observed in 1991 with 187 km2. The annual increase in aquaculture
area assessed with Landsat data is 25 km2 (adj. R2 = 0.91, p-value = 2.64× 10−10)
(Figure 2.10). Considering the aquaculture area for the PRD assessed with GSW
data, an overall increase of 406% from 241 km2 to 674 km2 in the period from 1988
2015 can be observed (Table 2.4). This coincides with an annual increase of 16 km2
(adj. R2 = 0.75, p-value = 5.362× 10−7). The annual increase is not in accordance
with the results presented for the Landsat SR data, which revealed a 9 km2 higher
increase in aquaculture area per year (Figure 2.10). Therefore, the two diﬀerent
approaches provide dissimilar results for the temporal aquaculture dynamics in the
PRD.
For the RRD, a continuous and steady increase in aquaculture can be observed
from 132 km2 in the 19901994 interval up to 205 km2 observed for the 20132016
interval. On the basis of the GSW dataset, the areal increase for the RRD amounts
to 16 km2 for each multi-annual time step (adj. R2 = 0.73, p-value = 0.04). Both
assessments yield similar results for the RRD and show only slight diﬀerences. With
the used GSW data, an aquaculture area of 136 km2 for 19901994 and 197 km2 for
20132015 is identiﬁed, which is an increase of 145% (Figure 2.10). No signiﬁcant
trend can be revealed for the GSW data (adj. R2 = 0.73, p-value = 0.06).
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For the MRD, the surface area used for aquaculture increased from 352 km2 in
1989 to 2507 km2 in 2015, which corresponds to a total increase of 712% (Figure
2.9). Therefore, the annual increase for the time period from 19892015 is 94 km2
(adj. R2 = 0.74, p-value = 2.952× 10−6) per year (Figure 2.10). This is the highest
yearly increase found within this study. Additionally, a strong increase can be
observed from 19992005 and afterwards the area almost remains between 2200 km2
and 2500 km2.
Table 2.4: Increase in aquaculture area for the assessment based on Landsat SR data and GSW
data showing the results for the ﬁrst and last years of observation and accompanied increase in
percent.
Figure 2.9: Cumulative aquaculture area for the YRD, PRD, RRD and MRD based on GSW
data (yellow) and Landsat SR data (purple). The overlapping parts of the GSW data set and the
Landsat SR are brownish coloured (mixture of both colours).
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Figure 2.10: Trend in aquaculture area for the YRD, PRD, RRD and MRD based on GSW data
(yellow) and Landsat SR data (purple) with adjusted R2 and p-value obtained from the regression
analysis. The overlapping parts of the GSW data set and the Landsat SR are brownish coloured
(mixture of both colours).
2.4.4 Temporal Patterns and Hotspots
In order to reveal aquaculture patterns over time and to identify hotspot areas, a
spatial explicit regression analysis was carried out for three deltas on the basis of
the hexagon landscape (Figure 2.11, 2.12 and 2.13), described in Section 2.3.3. The
maps reveal the trend of aquaculture development for the observed time period and
for each 4000m hexagon within the delta landscape (each hexagon area corresponds
to approximately 13 million m2). For areas without aquaculture no hexagons where
generated. The observed trends are divided into four classes, namely increase in
aquaculture area, decrease in aquaculture area, no observed trend or no signiﬁcant
change (p-value ≤ 0.05). The average increase in area of aquaculture per year or
time step is again grouped according to the slope values retrieved from the regres-
sion analysis. The division into classes was made according to the Jenks' Natural
Breaks algorithm (Jenks and Caspall, 1971) and the resulting values were rounded
for reasons of clarity.
The map for the YRD can be seen in Figure 2.11. The delta is divided into a total
of 494 hexagons containing aquaculture. Only 1.0% of the hexagons show a decrease
in aquaculture area and 9.7% reveal no signiﬁcant trend. For 441 hexagons, an in-
crease in aquaculture area from 19842016 can be observed, which corresponds to
89.4% of the total number of hexagons. For approximately 63% of all hexagons (310
hexagons) aquaculture increase is <30,000m2). 8.5% of the hexagons are charac-
terised by high (180000290,000m2) and very high (>290,000m2) increase per year.
Considering the spatial distribution of these two classes and the medium increase
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class (90000180,000m2), the major increases of aquaculture over the considered
time period are present at the coastline of the delta.
The PRD is divided into a total of 2,852 hexagons (Figure 2.12). 15.8% of
these showing no signiﬁcant trend, 1.4% revealing a declining trend in regard of
aquaculture area and for 0.1% no trend is apparent. The parts of the delta in
which a decrease can be observed, are mainly located at the coastline or on oﬀshore
islands of the region. For 82.7% of the hexagons an increase in aquaculture area
from 19902016 can be observed. The high area increase classes (4000080,000m2
and >80,000m2) are mostly located in near proximity to the Pearl River and can
be found for some areas along the coast.
The spatio-temporal dynamics for aquaculture within the RRD is displayed in
Figure 2.13. The whole region is divided into 1,003 hexagons of which 67.3% reveal
to be not signiﬁcant, 0.9% show no trend and 9.4% show a decrease in aquaculture
area over time. The remaining part of 22.4% of the delta expose an increasing
trend in aquaculture area. Although, the results of the regression analysis gave no
signiﬁcant results for most of the parts, the increase of aquaculture area at the coasts
gives an idea on the patterns over time. The parts of the delta with declining trend
are distributed all over the delta. Thus, no clear pattern can be revealed for the
RRD.
Figure 2.11: Temporal patterns and Hotspots of aquaculture expansion for the YRD.
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Figure 2.12: Temporal patterns and Hotspots of aquaculture expansion for the PRD.
Figure 2.13: Temporal patterns and Hotspots of aquaculture expansion for the RRD.
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2.4.5 Accuracy Assessment
The PRD serves exemplary for validating the outcomes of this study. The confu-
sion matrix reveals, that a large majority was correctly identiﬁed as the class stable
aquaculture with 196 aquaculture ponds out of 200, and, only 4 ponds were incor-
rectly assigned to this class (Table 2.5). However, only 88 aquaculture ponds were
correctly classiﬁed as the class aquaculture change and 112 ponds were incorrectly
detected as aquaculture change. Therefore, based on the presented approach, the
class stable aquaculture is often confused with the class aquaculture change.
The accuracies and Kappa coeﬃcient can be observed in Table 2.6. The Overall
accuracy is given with 0.71 and represents the agreement of the prediction and the
reference data. The computed Kappa with 0.72 can be categorised as a substantial
agreement of both, prediction and reference data (Landis and Koch, 1977). The
producer's accuracy is 0.64 for the class stable aquaculture and 0.95 for the class
aquaculture change. The User's Accuracy is given with 0.98 for stable aquaculture
and 0.56 for aquaculture change.
Table 2.5: Confusion matrix of the accuracy assessment for the PRD. The class stable aquaculture
represents aquaculture ponds which are present in 2016 and present in a reference year in the past.
The class aquaculture change account for aquaculture ponds which are present in 2016, however,
not present in a reference year in the past. Following years were considered as reference years:
2014, 2011, 2008, 2006, 2005 and 2004.
Table 2.6: Accuracies and Kappa obtained by the accuracy assessment for the PRD.
One source of error of this approach are ponds that have been converted from per-
manent, mostly natural, water bodies. These ponds are generally identiﬁed as aqua-
culture throughout the entire observation period regardless of their actual time point
of conversion. Therefore, the proportions of permanent water bodies were quantiﬁed
to have an idea on the impact of these water surfaces on the overall accuracy of this
approach. The assessment of natural water bodies is shown in Table 2.7. For the
YRD, 6.7% of all ponds are identiﬁed as natural water surfaces which coincides with
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3.8% of the total aquaculture area. For the PRD, 3.9% of the aquaculture ponds
from the Reference Aquaculture Layer are considered to be natural water, which
corresponds to 7.9% of aquaculture area. 3.6% of aquaculture ponds and 4.7% of
aquaculture area are detected as natural waters within the RRD.
Table 2.7: Assessment of natural water bodies within the target deltas. The shown numbers are
in percentage of the total aquaculture ponds from the Reference Aquaculture Layer.
2.5 Discussion
2.5.1 Increase in Aquaculture Area
One major aim of this study was to investigate the change in aquaculture area within
the observed time period for the target river deltas. The expectation was to observe
an increase in area. An expansion in aquaculture area was revealed for each of the
four deltas and for both assessments, based on Landsat SR data and based on the
GSW data set.
Considering the assessment based on Landsat SR data, the highest relative and
total increase was detected for the YRD (18.6-fold increase in aquaculture area from
1984 to 2016), although it is the smallest region of interest. This is in accordance
with ﬁndings showing that the Shandong province is the main aquaculture producer
along China's coastal regions (Gao et al., 2008). Furthermore, aquaculture is a ma-
jor expanding land cover type within the YRD (Higgins et al., 2013; Ottinger et al.,
2013). Another factor which might contribute to aquaculture expansion is the large
size of single aquaculture ponds within the YRD (Table 2.2), which adds a high
amount of aquaculture area per year caused by comparatively few additional ponds.
The size of aquaculture ponds also supports that the aquaculture production in the
YRD is rather commercial than on small household or subsistence scale (Hamilton,
2013). Based on the assessment with the GSW data set, the increase in aquacul-
ture area deviates substantially from the results based on Landsat SR data. The
GSW results revealed a 7.1-fold increase in area (19842015) for the YRD, thereby
increases in aquaculture area are considerably lower. Water areas might be overes-
timated for the beginning of the observation period, which would cause the overall
increase in aquaculture area to be lower. Large areas at the coast have been identi-
ﬁed as water, e.g. seasonally ﬂooded land cover types like wetlands and ﬂoodplains.
This eﬀect has also been shown during the creation of water masks, whereby water
surfaces were especially overrepresented along the coast of the YRD, which resulted
in bigger water areas for the coastal regions (Figure A.18).
The PRD is characterised by a 4.1-fold increase based on Landsat data and a
2.8-fold increase based on the GSW data set (Table 2.4). The magnitude of aqua-
culture expansion is again lower for the assessment with GSW data set and can be
justiﬁed based on the assumption made in the previous paragraph. The increase in
aquaculture area is relatively low for the PRD, when compared to the ﬁndings for
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the YRD. This might be caused by rapid urban growth within the Pearl delta region.
In the past decades, a major part of the delta's former agriculture area has been
turned into building land for real estate and industry (Li and Yeh, 2004; Zhou and
Sun, 2010). As a consequence, it is no longer available for aquaculture production.
In addition, the PRD became the biggest urban region in size and population (World
Bank Group, 2015), which rather promotes urbanisation than increases in aquacul-
ture area. Although the total increase in aquaculture area is lower for the PRD,
its expansion in area of 632 km2 (Landsat SR data) and 279 km2 (GSW data set) is
considerable with an annual increase in area of approximately 25 km2 (Landsat SR
data) and 16 km2 (GSW data set). This let to the conclusion, that aquaculture is
still maintaining and increasing in area, even in the most populated urban region
worldwide.
The aquaculture area in the RRD shows a 1.6-fold increase based on Landsat
data and a 1.5-fold increase based on the assessment with GSW data set, indicating a
solid agreement of both assessments for this delta region. The aquaculture expansion
is comparatively low with 73 km2 (Landsat SR data) and 61 km2 (GSW data set) for
the observation period. A possible reason can be found within the historical LULC
change in Vietnam. As stated earlier, the Vietnamese renovation reforms were
enacted in 1986, followed by mangrove removal and intensiﬁcation of agriculture,
also promoting excessive aquaculture expansion within the RRD in less than one
decade (Seto and Fragkias, 2007). Consequently, major changes in aquaculture
might have taken place prior to the ﬁrst year of observation in 1990 and, thus, are
not considered within the observed time period. In addition, mangrove reforestation
programs were initiated in 1988 and two nature reserves were established in 1988 and
1995, covering a total coastal area of 145 km2 (Seto and Fragkias, 2007), which would
not favour aquaculture expansion. Both circumstances might have contributed to
the comparatively low increase in aquaculture area within the RRD.
A strong increase in aquaculture area is demonstrated for the MRD showing
a 7.1-fold increase in aquaculture area from 1988 to 2015 and annual aquaculture
expansion of 94 km2 (GSW data set). Unfortunately, no comparison based on Land-
sat SR data can be drawn for the MRD, as data was not available for this delta
region. The MRD is an important region for the Vietnamese agricultural sector,
e.g. rice paddy production, and contributes enormous amounts of capture ﬁsheries
and aquaculture. Especially in the 1980s and 1990s mangrove forests were destroyed
for aquaculture farming (Cosslett and Cosslett, 2014), which is also reﬂected in the
substantial increase in aquaculture area found in this study. Comparing the ex-
pansion of capture ﬁsheries and aquaculture between 2000 and 2010, aquaculture
production increased much faster with an annual growth rate of 18.46% compared
to 9.88% in capture ﬁsheries (Cosslett and Cosslett, 2014). In addition, the pro-
duction of aquaculture goods revealed a 5-fold increase from 2000 to 2010 (Cosslett
and Cosslett, 2014). The strongest increase in aquaculture area was also shown
for this time period with an approximately tripling of the aquaculture area (Figure
2.9). This indicates, that the increase in production is linked with an increase in
aquaculture area, too.
To conclude, both assessments revealed that aquaculture dynamics are charac-
terised by notable expansions of aquaculture area within the observed time period.
From an economic point of view, an increase in aquaculture is likely to be followed
by economic growth (Touﬁque and Belton, 2014), decrease in poverty (Irz et al.,
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2007; Kaliba et al., 2007) and an increase in welfare on the individual basis (Pant
et al., 2014). From a nature conservation point of view, increases in aquaculture
area are linked with increasing ecological vulnerability of the delta regions ranging
from salinisation (Pine and Boyd, 2011) over pollution (Li et al., 2009; Herbeck
et al., 2013; He et al., 2016) to wetland change and mangrove removal (Xu et al.,
2011; Pham and Yoshino, 2016; Richards and Friess, 2016). The results regard-
ing aquaculture expansion revealed that the increase in aquaculture varies in terms
of magnitude among the four deltas. In addition, aquaculture ponds structures,
e.g. pond size, are very diﬀerent for the investigated deltas, both facts emphasising
that aquaculture management requires adaptable conservation strategies. As shrimp
farming is a big contributor to Asian aquaculture production, but is also very haz-
ardous for the environment (Cao et al., 2007), two general scenarios for sustainable
shrimp aquaculture exist (Bush et al., 2010). These are designed for either small-
scale producers or industrial scale producers (Bush et al., 2010), which could be
applied based on delta-speciﬁc conditions. Moreover, several studies on optimising
aquaculture farming exist. In general, low-intensity aquaculture has the potential
to decrease environmental pressure. It could support the reproduction success for
natural depleted populations, uses less feed and environmentally disturbing supple-
ments (Diana, 2012) and can be integrated into coastal and mangrove habitats, while
maintaining their ecological functions (Bush et al., 2010). Another option would be
to promote plant-based aquaculture which has been shown to positively inﬂuence
water quality by removing nutrients from coastal waters (Xiao et al., 2017) and from
wastewaters originating during aquaculture production (Kumar et al., 2015).
2.5.2 Dynamics and Hotspots of Aquaculture
No clear hotspot patterns could be revealed for the RRD, as the regression anal-
ysis was not signiﬁcant, which might be a result of the low amount of data input
(19901994, 19951999, 20002004, 20052009 and 20132016). However, the ex-
ample result map for the RRD (Figure 2.7) revealed a spatio-temporal pattern of
aquaculture expansion developing from coast towards inland, arguing that aquacul-
ture was ﬁrst located at the coast and with growth in production new aquaculture
ponds have been built at the inner part of the coast.
For the YRD and the PRD, clear trends in hotspots of aquaculture expansion
have been revealed (Figure 2.11 and Figure 2.12). Hotspots have been expected
to be located at the coast and along the river course of the deltas, mainly due to
easy water supply. This hypothesis has been validated, although with remarkable
diﬀerences among the two deltas.
Hotspots of aquaculture expansion within the YRD have been detected along the
coast. This is in accordance with ﬁndings from Ottinger et al. (2013), who found
increases in cultivated aquatic surfaces primarily in coastal areas. Additionally, the
authors stated that aquaculture expansion is characterised by a coastward movement
with strongest increases in area within 35 km from the coastline in 2010, which
coincides with the results of this study. Aquaculture is often found in coastal areas
as coasts provide easy access to water resources and they belong to low lying regions
which are favourable for aquaculture production (Primavera, 2006).
On the contrary, for the PRD, the hotspots of aquaculture increase are located
along the course of the river (Figure 2.12). In the PRD, aquaculture is traditionally
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located along the river as farmers can easily ﬁll up ponds with freshwater from the
river (Ruddle and Zhong, 1988). Consequently, this pattern is still apparent and
the ﬁndings assume that additional aquafarms have been created along the Pearl
River during the observed period. Simultaneously, several areas along the coast
have been detected to show a decrease in aquaculture from 19902016. This might
be a consequence of urban land expansion, as the PRD is characterised by major
urbanisation processes and by industrial growth (Zhao et al., 2017). This also causes
considerable water pollution with heavy metals (Nguyen van et al., 2016). As water
for aquaculture farming is mainly withdrawn from the Pearl River, the polluted
water within the aquaculture ponds is absorbed by the farmed aquatic species. The
heavy metals can be detected in cultured ﬁsh (Nghia et al., 2009; Cheng et al., 2013),
therefore, heavy metal contamination can be considered as a public health concern
(Liang et al., 2016).
To sum up, hotspots of aquaculture expansion were found to be mainly located
along the coast (YRD) and rivers (PRD). Especially in Chinese delta regions water
quality is poor (Li et al., 2009; Liang et al., 2016; Wohlfart et al., 2016). In aquacul-
ture farming, it is common practice to discharge polluted water unﬁltered (Ottinger
et al., 2016). Therefore, it can be assumed that increase in aquaculture production
in the investigated deltas is contributing to a deterioration of water quality.
2.5.3 Potentials and Limitations of This Study
The outcomes of this study revealed the increases of aquaculture within all target
regions and illustrated the hotspots of aquaculture expansion for two deltas. How-
ever, several limitations need to be taken into consideration regarding the methods
and assumptions used.
The Landsat archive provides an outstanding availability of free EO imagery
covering a long-term time period (Wulder et al., 2012). To exploit this data source,
Landsat SR data have been used to identify spatio-temporal dynamics of aquaculture
over the last decades. However, optical satellite data are vulnerable to the eﬀects of
clouds, thus, are restricted for applications in cloud-prone areas, such as the humid
tropics (Asner, 2001). This was observable when processing data for the RRD,
experiencing missing data for many years. This was also true for some years within
the observed time period for the PRD. High cloud coverage inﬂuenced the quality of
annual composites, which might be an explanation for the annual ﬂuctuations within
the results for the aquaculture area (Figure 2.9). Additionally, no Landsat SR data
were available for the MRD. Therefore, data quality and availability were major
constraints of this study. Nevertheless, the presented results provide an overview
on the general trends in aquaculture expansion and give insights in the aquaculture
dynamics and the hotspot development.
Another limitation for detecting the water areas of aquaculture with Landsat
imagery is the coarse spatial resolution of 30m. A high proportion of aquaculture
ponds from the Sentinel-1 Aquaculture Layer were not able to be detected with
used Landsat SR data (Table 2.3). Therefore, aquaculture area might be consider-
ably higher than observed by this study. In addition, the outcomes of the accuracy
assessment showed, that aquaculture ponds have often been failed to be detected
for the past years (Table 2.6 and 2.5). A major reason to be named is the coarse
spatial resolution of Landsat imagery, as large ponds in the YRD were more suit-
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able for being detected than smaller aquaculture ponds of the PRD and the RRD.
Therefore, aquaculture characterised by bigger ponds is more likely to be detected
than aquaculture consisting of rather small ponds. That might also be caused by
pixel-mixing eﬀects (Birnie, 1986), which make it diﬃcult to identify smaller aqua-
culture ponds. However, it does also make a diﬀerence which type of aquaculture is
observed. Alexandridis et al. (2008) compared diﬀerent imagery on the application
of the identiﬁcation of marine mussel farms and argue that high resolution imagery
does not automatically give the best results for aquaculture assessments, and the
sensor types should be chosen according to observed aquaculture type.
Furthermore, all assessments of this study are based on the Sentinel-1 Aqua-
culture Layer. Thus, it is assumed that aquaculture ponds did not change for the
observed time period, which would indicate a bias in the results. The used Sentinel-1
Aquaculture Layer is based on the aquaculture pond location and extent for the time
period from September 2014 to September 2016. This would also lead in biggest
aquaculture area for this period based on the assessment with Landsat SR data.
Therefore, aquaculture area for the last years of observation might be overrepre-
sented, whereas aquaculture ponds in former times are not considered and might
be underestimated. Based on the accuracy assessment, it was revealed that aqua-
culture ponds in the past have almost ever been correctly classiﬁed as aquaculture
ponds. However, based on the prediction data representing the assessment based
on this approach aquaculture ponds have not been detected in 56% of the cases
(Table 2.6). This argues, that more aquaculture ponds have been present in the
past and were not detected by this approach, indicating that aquaculture area was
underestimated at that point of time and therefore, the expansion of aquaculture
might be overestimated for the observation period.
In addition, the approach ignores the presence of other water features like natural
waters. These water features were not excluded within the analysis. Therefore,
natural waters which have been turned into aquaculture during the observation
period, are a source of error. Especially along the coasts of the PRD, additional
aquaculture ponds have been built in natural coastal ﬂoodplains, in the sea (by
extending the coastline) (Figure A.19) or in inland waters in the RRD (Figure
A.20). However, this error was quantiﬁed by assessing natural water bodies for the
ﬁrst years of observation (1984 for the YRD, 1990 for the PRD and 19901994 for
the RRD). The results showed that this eﬀect does matter for aquaculture within
the observed target deltas with 3.8% of aquaculture area accounting for natural
waters within the YRD, 7.9% for the PRD and 4.7% for the RRD (Table 2.7). As
a consequence, the presence of natural waters aﬀected the analysis of aquaculture
and, furthermore, might also inﬂuence the hotspot patterns found for the YRD and
the PRD. Therefore, I suggest to eliminate natural waters before assessing changes
in aquaculture in further research. One option would be to manually extract them
based on the GSW data set. Another option is to apply the presented approach
by Han et al. (2005), which is based on feature extraction methods using Landsat
imagery enabling the separation of aquaculture from other water features. However,
it can be doubt that this can accurately be performed for single aquaculture ponds
solely on the basis of Landsat data and would require imagery with higher spatial
resolution (Ottinger et al., 2017), which might not be available for a deltawide or
continentwide assessment.
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Besides stated limitations of this study, an overall accuracy of 71% and a sub-
stantial Kappa coeﬃcient of 0.72 were shown for the used temporal metrics (Table
2.6). These results reveal a thorough accuracy for the presented approach. Further-
more, spatio-temporal dynamics and patterns of aquaculture of four river deltas have
been detected, also highlighting similarities and diﬀerences among the deltas. The
approach itself can easily be applied on larger spatial scales, either by using Landsat
SR data or with the help of global datasets like the used GSW product. The ap-
proach is not site-speciﬁc, therefore, suitable for being used in other target regions.
Although it requires a high resolution aquaculture layer comparable to the Sentinel-1
Aquaculture Layer, Ottinger et al. (2017) state that it can easily be created for other
regions even on continental and global scales. Within this study, the combination of
the Sentinel-1 Aquaculture Layer with Landsat data guaranteed for precise mapping
of the aquaculture ponds and opened the possibility to exploit the long-term data
availability of the Landsat ﬂeet. The combination of radar and Landsat satellite
data are widely used in the ﬁeld of EO, where radar data has been shown to be a
valuable complementary data source to Landsat imagery (Shimabukuro et al., 2007;
Eckardt et al., 2013; Cheng et al., 2016), which was also demonstrated in this study.
2.5.4 Outlook
The presented ﬁndings revealed strong increases in aquaculture area for all four
river deltas. These results serve exemplary for other coastal regions in Asia and
highlight major environmental impacts of such a development. As Asia has be-
come the leading global aquaculture producer contributing almost 90% of quantity,
further increases in aquaculture area have to be expected. This is particularly haz-
ardous for the sensitive coastal ecosystems, as many environmental consequences of
aquaculture expansion are already present and are likely to intensify in the future.
Based on the investigated deltas, the ﬁndings of this study suggest that aquaculture
expansion is not following equal spatio-temporal dynamics. Therefore, unique man-
agement eﬀorts need to be elaborated to guarantee for human welfare and ecosystem
functioning.
Following up the results of this study, an assessment for the complete Asian
coast would be the next step in further research. Based on this, the detection of
spatio-temporal dynamics for the coastal areas would not be restricted to single
delta regions, but showing aquaculture development for the entire coastal regions
of Asia. Therefore, similarities and diﬀerences of delta versus non-delta regions
could be retrieved, also highlighting the strongest increases in aquaculture area
over time along the Asian coastal zone and revealing possible indicators for the
development of aquaculture expansions and dynamics. This could also be compared
for conservation areas versus non-conservation areas or wetland areas versus non-
wetland areas, which would have valuable implications for the management of coastal
regions across Asia.
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Appendix
Software and software packages used for reading the spatial data, processing it and
determining aquaculture hotspots:
• ArcGIS 10.5.1
• dplyr 0.7.4
• ggplot2 2.2.1
• gridExtra 2.3
• lemon 0.3.1
• plyr 1.8.4
• QGIS 2.18.3
• R Studio 1.1.383
• rgdal 1.2.4
• scales 0.4.1
• sp 1.2.3
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Figure A.18: Water areas retrieved from the GSW data. Both maps illustrate two parts of the
binary water mask from the YRD for 1984 which is used for the validation assessment based on
the GSW data. It can be seen that the water areas are large and a separation between single
aquaculture ponds is not possible. This results in a higher aquaculture area for the initial year
1984 compared to the assessment based on Landsat SR data. This might be the reason for the
lower relative increase found for the analysis based on the GSW data.
Figure A.19: Natural waters turned into aquaculture in the PRD. Especially the coastal regions
are very dynamic and aquaculture ponds have been installed in the sea.
Figure A.20: Natural waters turned into aquaculture in the RRD. This example shows inland
water bodies which have been turned into aquaculture ponds.
